Abstract: Any change in characteristics of low flows under climate change may have important effects on various socioeconomic, environmental, water resource, and governmental planning aspects. The aim of this research was to use various low-flow indices to investigate low flows for a future period under the effects of climate change for the case of Sezar basin, southwestern Iran. In this research, outputs of 10 atmosphere-ocean general circulation models (AOGCMs) under an A2 emissions scenario were used to predict temperature and precipitation scenarios under climate change. The low-flow indices used in this study included those extracted from a flow duration curve (discharges exceeded 70, 90, and 95% of the time, i.e., Q 70 , Q 90 , and Q 95 ), indices of low-flow frequency analysis (annual minimum 7-day flow with 2, 10, 20, and 100 return periods, i.e., AM7 T¼2 , AM7 T¼10 , AM7 T¼20 , and AM7 T¼100 ), and flow deficit characteristics (number of dry days in a year, maximum length of dry period, deficit volume, and deficit intensity). The results indicated that the status of low flow in the future will be better than the baseline in all subbasins, so values of indices including Q 70 , Q 90 , and Q 95 as well as AM7 T¼2 , AM7 T¼10 , AM7 T¼20 , and AM7 T¼100 will increase and values of indices of deficit volume and intensity will decrease. The results also showed consistency between the indices derived from the flow duration curve and deficit characteristics, whereas indices of frequency analysis were determined to be inherently different.
Introduction
Global warming, as a result of increased emissions of manufactured greenhouse gases, can be considered one of the most important concerns in many regions of the world (IPCC 1990 (IPCC , 1992 (IPCC , 1994 . Global temperature rise has the potential to trigger further climate change that could alter hydrologic cycles and affect precipitation amounts and patterns because of higher evapotranspiration and more atmospheric water vapor (Dibike and Coulibaly 2005; Li et al. 2008; Marshall and Randhir 2008; Minville et al. 2008; Tomer and Schilling 2009; Eum et al. 2010; Fakhri et al. 2013; Lu et al. 2013; Chattopadhyay and Jha 2014; Ju et al. 2014) .
Probable changes in climate variables can lead to overheating and dry summer periods in some regions and heavy rainfall and flooding in the more humid regions (IPCC 2008) . A severe summer dry period results in low flow in rivers that can have a negative effect on water supply and quality (IPCC 2008) . Low flow is defined as water flow in a river that occurs during a long period of dry weather (WMO 1974) . Low flow is considered one of the most crucial characteristics of drought and is often recognized as a reliable indicator of drought (Feyen and Dankers 2009; Pfister et al. 2006; Tallaksen and Van Lanen 2007) . Despite the importance of drought, there is no sal academic definition for the phenomenon (Tokarczyk 2013 ). Drought can be described as a deviation from the normal climate conditions of an area or a particular hydrologic system (Tallaksen and Van Lanen 2007) . The drought phenomenon is an extensive occurrence of below-average natural water availability that can effectively alter the water cycle in the long run (Tallaksen and Van Lanen 2004) . Drought occurs mainly because of low precipitation and high evaporation, as well as negative temperatures in a cold climate (Van Lanen et al. 2013) . Drought can be classified in terms of meteorological, agricultural, hydrological, and socioeconomic conditions (Dracup et al. 1980; Rogers and Armbruster 1990; Bogardy et al. 1994; Rao and Voeller 1997) .
Hydrological drought describes the period of low flows in rivers that can reduce volumes of water in reservoirs (Tokarczyk 2013) . Unlike floods, hydrological drought slowly expands to a large area (Van Lanen et al. 2013 ). Moreover, low flows can have a negative effect on all important river functions such as drinking water supply, power production, irrigation, industry, navigation, and water quality (WMO 2008; Feyen and Dankers 2009; Demirel et al. 2013; Blenkinsop and Fowler 2007) . Therefore, studying low flow under climate change is critical for water resource management in various regions. The most crucial implications of climate change are regional change in frequency and severity of low flows (Gellens and Roulin 1998; Middelkoop et al. 2001; Lehner et al. 2006; Feyen and Dankers 2009; Boyer et al. 2010; Ryu et al. 2011; Huang et al. 2013; Demirel et al. 2013; Van Huijgevoort et al. 2014; Elias et al. 2015) .
There are several methods (measures) for estimating low flows under climate change, and these can be divided into five categories: flow duration curves (Wilby and Harris 2006; Baguis et al. 2010; Gain et al. 2011; Rahman et al. 2010) , low-flow frequency analysis (Boukhris 2008; Mauser et al. 2008; Basher et al. 2010; Rahman et al. 2010; Gain et al. 2011; Mohammed et al. 2015) , continuous low flow intervals or deficit characteristics (Booij et al. 2006; De wit et al. 2007; Feyen and Dankers 2009; Wegehenkel and Kersebaum 2009; Huang et al. 2013; Madadgar and Moradkhani 2013; Van Lanen et al. 2013; Van Huijgevoort et al. 2014) , base flow index (Mohammed et al. 2015) , and recession analysis (Taie Semiromi et al. 2014) . There are a variety of methods available for estimating low flow, and these depend on several factors, such as type of available data, required output, and an unclear definition of a low-flow event (Smakhtin 2001) . Because each method describes a particular aspect of low flow, using just one of these methods may not be adequate to check the status of low flow under a climate change scenario.
The flow duration curve (FDC) shows the proportion of time in which a flow is exceeded (the first category) (Smakhtin 2001) . Indices derived from FDC such as Q 90 and Q 95 show a certain point of low-flow domain in this curve. Although these indices can estimate extreme conditions under a dry season (WMO 2008) , they cannot provide information about the probability of low flow occurrence (or return period). Low-flow frequency analysis is required (the second category) to investigate the probability of low flow under climate change (Boukhris 2008; Mauser et al. 2008; Basher et al. 2010; Rahman et al. 2010; Gain et al. 2011; Mohammed et al. 2015) . Low-flow frequency analysis can determine simple probabilistic streamflow forecasts (WMO 2008 ). This analysis is based on the time series of the lowest annual mean 7-day discharge (AM7) at the regional scale. This AM7 series can be appropriate to describe the hydrological regime of a river (Tallaksen and van Lanen 2007) , but it provides only one feature of low flow (severity). The other lowflow characteristics such as duration and deficit can be derived from deficit characteristics (the third category) (Smakhtin 2001) .
Although there are two methods important for studying low flow status at the regional scale, base flow index and recession analysis methods (the fourth and fifth categories), these have been less considered for assessing low flow under climate change. Because these two indices are derived from parameters that are more influenced by groundwater, the fourth and fifth categories are more appropriate to assess groundwater status under climate change.
Because low flow occurs through a complex natural process influenced by several factors such as characteristics of soil and aquifers, vegetation type, and topography (Huang et al. 2013) , this study applied 11 indices from three categories of low flow. A variety of indices were applied in this study for a more comprehensive assessment of the impact of climate change on low flow, as well as to evaluate discrepancies among the various indices for low flow.
In climate change studies, different sources of uncertainty have been applied. Sources of uncertainty applied in climate change studies include atmospheric-ocean general circulation models (AOGCMs), emissions scenarios, and downscaling methods (Prudhomme et al. 2003; Prudhomme and Davies 2005; McCarthy et al. 2001) . Furthermore, uncertainty in hydrologic models will be added in hydrological studies of climate change (Wilby and Harris 2006; Coulibaly 2005, 2007; Ludwig et al. 2009; Poulin et al. 2011) . Various studies have shown that the AOGCM can be the main source of uncertainty in assessment of the impact of climate change (Prudhomme and Davies 2005; Wilby and Harris 2006; Dobler et al. 2012; Ahlstrom et al. 2013) . In this study, 10 AOGCMs were used to deal with this uncertainty.
The Dez River in southwestern Iran was selected as the study area. The Dez River is a major artery of the Great Karun River system in Khuzestan province, which, in addition to playing an important role in the quality and hydraulic status of the system, provides water for many industrial plants and large agricultural projects as well as drinking water for many cities in the region. Because the Dez River has had several drought episodes in recent decades, the study of low flows and associated changes is essential for future predictions for this river. According to a review of the literature, in each of the previous studies, one or more low-flow indices have been used. Because each method of low flow describes a particular aspect, using one of these methods alone may not be enough to check the status of low flow under climate change. Therefore, this study evaluated the impact of climate change on low flow using 11 various metrics for two main purposes: (1) to make a detailed evaluation of low-flow predictions for the future; and (2) to evaluate discrepancies among the indices in terms of changes. Assessing the discrepancies of low-flow indices answers the fundamental question of whether changes in various indices in future periods will match.
Study Area and Data Preparation
The Dez River in southwestern Iran has two main branches, the rivers of Sezar and Bakhtiari. In this research, the Sezar river basin, with an area of 9,410 km 2 located in the upstream of the Dez Dam, was considered as the case study (Fig. 1) . The basin was divided into smaller subbasins, including Sepid Dasht Sezar, Tireh Doroud, Marbare Doroud, Sepid Dasht Zaz, Cham Chit, and Keshvar (Table 1 ). The Tang Panj Sezar subbasin in the upper area is mostly mountainous, and the river takes a meander and chute route. The presence of large cracks in this area (except for some parts of the eastern branch of Tireh River) leads to karstic features where there is a high level of groundwater.
Hydrologic data used in this study included daily flow measured at hydrometric stations located at the outlet point of each subbasin (Table 1 ).
In the subbasin of Tang Panj Sezar, there were a number of synoptic stations with daily temperature records that often covered only a short period of less than 10 years. Therefore, the Khorramabad synoptic station located outside the study region was used for all subbasins because it had daily temperature records covering a longer period. Because of the presence of several rain gauge stations with enough data, the precipitation data of the station with the highest correlation coefficient with daily flow data at the outlet of each subbasin was considered in order to simulate more precise river flow. Characteristics of the meteorological stations are shown in Table 2 .
Methodology
The main steps of this study included: (1) preparation of climatechange scenarios, (2) simulation of daily low flow using the identification of unit hydrographs and component flows from rainfall, evaporation, and streamflow data (IHACRES) rainfall-runoff model and climate scenarios, and (3) investigation of low-flow indices under climate change scenarios.
Projection of Climate Scenario
In this study, outputs of 10 AOGCMs under the A2 emissions scenarios from the Fourth Assessment Report (AR4) of the IPCC were used (Table 3) to deal with uncertainty in the AOGCM outputs. Because the uncertainty of emissions scenarios was lower than that of the other uncertainty sources (Prudhomme and Davies 2005; Wilby and Harris 2006) , this study applied the AOGCM output under an A2 scenario. However, this emissions scenario had the highest concentration of CO 2 in comparison with the other special report on emission scenarios (SRES) (IPCC 2000) .
The temperature differences and relative changes in precipitation were calculated for a future period (2015-2044) compared to the baseline period for each month.
In this study, the statistical method Long Ashton Research Station Weather Generator (LARS-WG) was used to generate future daily time series of maximum and minimum temperatures and precipitation under climate change. The LARS-WG model provided an accurate simulation of daily and extreme quantities of meteorological variables in various climates (Semenov et al. 1998; Qian et al. 2004 Qian et al. , 2008 Semenov 2008) . It uses daily weather observations to determine a set of parameters for probability distributions of weather variables as well as correlations between those variables. It also uses semiempirical distribution to model most climatic variables. By perturbing the parameters of these distributions using 
changes predicted from an AOGCM, downscaled daily climate scenarios were generated for a site and used as input to a rainfallrunoff model in order to gain impact assessment. For more details, refer to Racsko et al. (1991) , Semenov et al. (1998) , and Semenov and Brooks (1999) .
Rainfall-Runoff Model
The IHACRES model (Jakeman and Hornberger 1993; , as a lumped conceptual model, was applied to simulate a daily streamflow for the future period.
Inputs of the IHACRES model were daily temperature and precipitation. The temperature data of Khorramabad station was used for all subbasins because it had a longer period of daily temperature records. In terms of precipitation, if there was more than one rain gauge at each subbasin, then the station with the highest correlation with the daily flow for that subbasin was applied.
To study the quantitative performance of the model in calibration and validation, the following criteria were used : Bias (general error in flow volume at millimeters per year) [Eq. (1)], changes of flow pattern by giving equal weight to all discharge values, R 2 − log [Eq. (2)], and changes of flow pattern by giving more weight to low flows,
where, Q O , Q M , n, and ε = observed flow, estimated flow, number of data, and the 90th percentile of observed nonzero flow, respectively. Although simulation of low flow is important, logarithmic or inverse forms of the efficiency index should be used (Croke and Jakeman 2005) . Two criteria of R 2 − log and R 2 − inv are, in fact, the Nash-Sutcliffe efficiency coefficient in which logarithm and inverse flow have been used, respectively, instead of quantities of flow. Using the logarithm and inverse of flow quantity causes allocation of more weight to low flows in calculations of the coefficient (Croke and Jakeman 2005; Krause et al. 2005; Huang et al. 2013 ). Similar to the Nash coefficient, if the values of R 2 − log and R 2 − inv are close to 1, more similarity is indicated between the simulated and observed flow values.
Because these two indices can check only the behavioral pattern of flow, the bias coefficient can capture the difference between observed and modeled values. The amount of bias depends on the quality of observed data used as input to the model and should be as low as possible.
Low-Flow Indices
Different low-flow indices were applied here to capture different aspects of the river system's low-flow regime: (1) indices from the flow duration curve, (2) indices of frequency analysis, and (3) deficit characteristics.
Indices from Flow Duration Curve
Flow duration curve (FDC) is a useful method for showing a full domain of river discharge from low flows to flood events (Smakhtin 2001) . The FDC is constructed using different time intervals ranging from daily to several days to several months. In cases with a time interval of more than 1 day, the moving average method is usually used to produce a new time series of a several-month or several-day average of flow before making the curve. In this research, a 7-day moving average was applied to daily flow.
An important application of the FDC for studying low flows is determination of low-flow indices. The Q 90 and Q 95 indices are considered typical for permanent rivers and are defined as flows that exceed in 90 and 95% of the time (WMO 2008) . This study applied Q 95 , as one of the most famous indices in this field (Riggs et al. 1980; Brilly et al. 1997; Smakhtin 2001; Wallace and Cox 2002; Tharme 2003; Pyrce 2004; Reaney and Fowler 2008; WMO 2008) , as well as the Q 90 and Q 70 indices.
Low-Flow Frequency Analysis
The probability of low flow occurrence can be estimated from historical data using the frequency analysis method (WMO 2008 ). This analysis is based on the annual lowest flow series (Smakhtin 2001) . According to daily data, minimum flows of 1-, 3-, 7-, 10-, 15-, 30-, 60-, 90-, 120-, 150-, 180-, 273-, or 284 -day periods may be used (Riggs et al. 1980; Musiake et al. 1984; McMahon and Mein 1986; Gustard et al. 1989; Zalants 1992; Harris and Middleton 1993) . The annual lowest flow series can be used to define one distribution function to estimate the frequency or return period of low flow (WMO 2008) .
In this study, the annual lowest flow for a 7-day duration (AM7Q) was considered for low-flow frequency analysis. To calculate this index, a 7-day moving average was obtained from daily flow data. In the next step, the minimum of the 7-day moving average of every year was considered the low flow for that year. By having a series of low flows, different statistical distributions such as Pearson type III (Matalas 1963; Jozeph 1970 ), Gumbel (Gumbel 1963; Matalas 1963; Condie and Nix 1975; Condie and Cheng 1983) , and 2, 3-variable log-normal (Smakhtin 2001) were applied and data were fitted. At some stations, the method of the moment was considered the best method for estimating distribution parameters, and the maximum likelihood was considered in other stations. According to the amount of error and the chi-square goodness of fit test, the best distribution was defined. Finally, low flows with probabilities of 50, 90, 95, and 99% (respectively corresponding to the return periods of 2, 10, 20, and 100 years) were obtained.
Streamflow Deficit
Streamflow deficits are periods when flow in a river reaches below a certain level and forms a drought or deficit (Hisdal et al. 2004) . Neither the flow duration curve or low-flow frequency curve (LFFC) offers information on length of dry period (dry period means when the streamflow reaches a level lower than a certain amount). Moreover, they do not indicate the amount of streamflow deficit in a low-flow event occurrence (Smakhtin 2001) . There are various ways to overcome such restrictions. One of the most common methods is the concept of a "truncation level" or "threshold," developed in the theory of runs (Yevjevich 1967) . A run is the number of days when daily discharge reaches the lower level of a certain threshold level. The threshold level is determined based on the purposes expected from the river and type of flow regime. In studies based on daily data, the threshold can be a percentile of the flow duration curve. In perennial rivers, relatively small thresholds are frequently used in the range of Q 70 -Q 95 (Smakhtin 2001; WMO 2008) .
By using a flow duration curve, the Q 70 index was considered the threshold level. Choosing a smaller amount such as threshold level of Q 90 can lead to the appearance of continuous years without drought, and this would not be suitable criteria for drought analysis (Bayazidi et al. 2010) .
Because water shortage occurs in the dry months of a year, 6 months of the year were considered the dry season and deficit characteristics were calculated only for this period. Determination of the dry period was based on the streamflow deficit (De wit et al. 2007; Huang et al. 2013) . By applying threshold level to the observed daily flow data, the number of dry days (when flow was lower than the threshold level) was calculated for every month and totals were obtained to cover the whole statistical period. In this way, dry season was taken as the 6-month period of the year with the largest number of dry days.
According to WMO (2008) , deficit begins when the flow gets lower than the threshold and ends as soon as the flow gets higher than the threshold level.
In this study, four characteristics, number of dry days in a year, maximum length of the dry period, deficit volume in the year, and deficit intensity, were the main features of the deficit. To prevent short drought periods, a moving average was applied to daily data before deficit calculation. After application of the threshold level on data, drought periods of 3 days or fewer were eliminated. In addition, two sequential drought periods, separated by a drought period of 3 days or fewer, were joined (Zelenhasic and Salvai 1987) .
Results and Discussion

Calibration of IHACRES Rainfall-Runoff Model
Comparisons between the observed flow and the modeled flow for calibration and validation steps are shown in Fig. 2 and Table 4 .
According to Duda et al. (2012) , performance of the model for subbasins was evaluated as good and very good (Table 4) . Because R 2 − log and R 2 − inv were used instead of R 2 in this study, the results showed satisfactory performance of the model in simulation of low flows. 
Climate Change Scenarios
Based on Table 5 , the dry season was defined as the period of June to November and the wet season was December-May. Values of relative changes in precipitation in both dry and wet seasons are presented in Table 6 . Because of the use of 10 AOGCMs for climate prediction, the median (Prudhomme and Davies 2005) of the models was considered.
According to Table 6 , amounts of precipitation decreased in February and March (months with high precipitation) in all subbasins. An increase in precipitation was expected for the months of January and April (having higher levels of precipitation after February and March) in most of the subbasins. The results of the dry season indicated that changes in precipitation in October presented different patterns in different subbasins, but November experienced increasing changes in all subbasins. The 4 months from June to September (the dry season) had zero or little precipitation in the observation period. Fig. 3 indicates the range of temperature changes simulated by 10 AOGCMs in the Tang Panj Sezar basin. In general terms, and with consideration of similar graphs for other subbasins, monthly temperatures will increase in the future under climate change in all subbasins. Values for increase in monthly temperature will be between 0.85°C in February and 2.1°C in November. As seen in Fig. 3 , the 6 dry months (from June to November) indicated greater temperature increases compared to the 6 wet months.
Low-Flow Indices under Climate Change
Indices Derived from Flow Duration Curve Fig. 4 shows a simulation of change in the Q 70 , Q 90 , and Q 95 indices by 10 AOGCMs for future periods relative to the baseline.
According to these results, the three indices of Q 70 , Q 90 , and Q 95 showed incremental changes in the future compared to the baseline.
The range of simulated Q 70 , Q 90 , and Q 95 indices in the Tang Panj Sezar and Sepid Dasht Sezar subbasins was more than that of the other subbasins. These two subbasins had larger areas in comparison with the other subbasins, and this is because of the weaker capability of the IHACRES model in the larger subbasins. 
Note: Each of the numbers in the table is the median of the outputs of 10 AOGCM; N = not calculated (the four months of June, July, August, and September had little precipitation; therefore, the changes of precipitation were not calculated for these months).
The temperature difference between the past and the future temperature difference (°c) 
Low-Flow Frequency Analysis
Frequency analysis was performed on the lowest annual 7-day mean discharge series (AM7). Table 7 shows the best probability distribution used in each subbasin. Also, the range of changes in the AM7 index under climate change is shown in Table 8 . The AM7 index decreased in the Tang Panj Sezar and Sepid Dasht Sezar subbasins and increased in the Tireh Doroud and Marbare Doroud subbasins. In the Cham Chit, Sepid Dasht Zaz, and Keshvar subbasins with relatively similar areas, the low flow decreased in the return periods of 20 and 100 years (as indicated by all or most of the AOGCMs), and low-flow predictions were different in return periods of 2 and 10 years (some of the models indicated a reduction and some showed incremental changes).
Also, in Table 8 , there is a smaller range in simulation of lower flows (higher return period) than the higher flows (smaller return period). This can be because of differences in simulation of a larger amount of precipitation by AOGCMs. Table 9 shows the quantities of the threshold (Q 70 ) in different subbasins of the study area. Table 10 shows changes in "number of dry days in a year" and "maximum length of the dry period" predicted for the future.
Deficit Characteristics
Based on Table 10 , the Keshvar and Cham Chit subbasins had, respectively, a maximum and a minimum number of dry days compared to the other subbasins. The "number of dry days in the year" reduced for the future in all subbasins, and "maximum length of dry period" showed no major changes in the future. A decrease or increase of only these two indices does not indicate a future condition of low flow. In this study, a decrease in the future amount of "number of dry days in the year" cannot necessarily indicate a reduction in dryness and an increase in available water. Therefore, the other deficit characteristics (deficit volume and intensity) are essential for accurate determination of future water status. The changes in deficit volume and deficit intensity predicted for the future are shown in Table 11 .
Based on Table 11 , changes in deficit intensity obeyed the changes of deficit volume and thus deficit volume alone will suffice for climate change studies.
Because indices of the FDC (the first category) have shown an increase for the future, it is expected that the deficit volume and intensity have been reduced. In all subbasins except Tang Panj Sezar and Sepid Dasht Sezar, these two indices were reduced. 
Note: GEVI = Gumbel extreme value type I; LN2 = lognormal 2 parameters; LN3 = lognormal 3 parameters; Ma = maximum likelihood method; Mo = moment method; P,TIII = Pearson Type III. Cham Chit Changes −0.5 to þ1. 
Changes of Different Low-Flow Indices under Climate Change
In order to assess attunement of the various low-flow indices and to conclude and better interpret the results, low-flow indices were calculated based on the median (Prudhomme and Davies 2005) of 10 AOGCMs (Table 12) . To achieve accuracy for types of changes (increasing or decreasing) in different low-flow indices, the quantity of error in the simulation of the indices by the IHACRES model should also be taken into consideration. By application of the percentage of this error, the type of index change was identified (Table 12 ). According to Table 12 , values of indices derived from flow duration curves (Q 70 , Q 90 , and Q 95 ), as well as indices of frequency analysis (AM7 with return periods of 2, 10, 20, and 100 years), showed a relative increase projected for the future period in all subbasins except the Tang Panj Sezar subbasin. According to Smakhtin and Toulouse (1998) , there was a strong relationship between low flows from the FDC and deficit volumes. Therefore, with increasing indices from the FDC, the deficit characteristics were expected to decrease; consequently, deficit volume and intensity, as well as the number of dry days in a year, showed reductions under climate change. The "maximum length of the dry period" was not considered at this stage because an increase or decrease of the index in the future period does not necessarily represent the occurrence of more or less severe low flows. The relative increase of indices from the FDC and LFFC, as well as reduced deficit characteristic indices, shows improved low-flow status for the future period in all subbasins (except Tang Panj Sezar). In areas of high-level groundwater, the impact of climate change shows a reduction, or it disappears (Bultot et al. 1988) . Therefore, in this area, the high level of groundwater, in combination with the effects of climate change, will cause improved low flows in the future.
Because the precipitation in the Tang Panj Sezar subbasin will have no significant increase or decrease, especially during the dry season, the changes of low-flow indices were not noticeable and in some cases did not match. However, because of reduced deficit volume and increased point low-flow indices with less uncertainty (such as Q 95 , AM7 T¼20 , and AM7 T¼100 ) and improving low-flow indices in other subbasins, it was possible to predict a relatively better state for low-flow indices of Tang Panj Sezar for the future period.
Conclusion
In this paper, the climate-change impacts on the low flow of the Sezar branch of the Dez River in Iran have been investigated using 10 AOGCMs (because of the high uncertainty in AOGCMs) under an A2 emissions scenario (because of the high level of emissions of greenhouse gases). Unlike previous studies (mentioned in the "Introduction"), this study applied several indices (11) to assess the impact of climate change on low flows and the uncertainty of lowflow changes for a future period. The low-flow indices in this study consisted of indices taken from the flow duration curve, the indices of frequency analysis, and deficit characteristics. The results of this study showed that:
• Although AOGCMs predict increases in temperature for the future, precipitation shows variations, including increases and decreases. By taking the median of the results of AOGCMs in all subbasins, a relative increase is expected in the low-flow indices for the future period (2015-2044); • The results indicated that consistency between the indices derived from the flow duration curve (Q 90 and Q 95 ) with deficit characteristics (deficit volume and intensity). Although Q 90 and Q 95 show incremental changes, deficit volume and intensity will decrease and vice versa; • The indices of frequency analysis (AM7 T¼2 , AM7 T¼10 , AM7 T¼20 , and AM7 T¼100 ) were inherently different from the other indices and were variable across the study area; • Use of indices from the flow duration curve or frequency analysis alone cannot provide complete information about the status of low flow, and deficit characteristics also need to be examined. In general, selection of an index for assessment of the impact of climate change should be based on application of an index in the intended design, quality, and length of the available time series; • In general, the Q 90 and Q 95 indices were determined as more suitable than Q 70 for studying the effects of climate change on low-flow states. Awareness of the values of these two indices for the dry season was necessary to evaluate the expected targets of the river. Additionally, there was less uncertainty in estimations of these two indices in comparison with Q 70 (because Q 90 and Q 95 relate to lower levels of precipitation than Q 70 ; therefore, there was less uncertainty in estimations of Q 90 and Q 95 ); • The number of dry days in the future was also studied by considering the "maximum length of the dry period" and the "number of dry days in the year." The results showed that a change in any of these indices individually did not provide a good definition of the low=flow state for the future period; and • The results also indicated that deficit intensity changes obeyed deficit volume, and it can be sufficient to use deficit volume to study the effects of climate change. These results are associated with two specific limitations: (1) the IHACRES model, as a lumped rainfall-runoff model, was used here to simulate streamflow under climate change scenarios. Using the distribution or semidistribution rainfall-runoff model is proposed for future studies; and (2) limitations related to use of the statistical downscaling method in climate change projection. Statistical methods require long-term and reliable observations for calibration. Also, these methods are dependent on the AOGCM boundary conditions and affected by any biases in the AOGCM. 
